Abstract-Fault diagnosis of the bearings in direct-drive (i.e., no gearbox) wind turbines is a challenging issue due to the varying shaft rotating frequency (SRF) caused by the erratic wind environment. To remove the spectrum smearing phenomena of the SRFrelated components and the disturbances of the SRF-unrelated components in a measured signal, this paper proposes a novel method, called multiscale filtering spectrum (MFS), to obtain the weighted energy distribution of the monocomponent signals within a local order range based on the Vold-Kalman filter (VKF). First, the instantaneous SRF of the wind turbine is estimated from a generator current signal. Then, a VKF-based multiscale filter bank is designed according to the center frequencies corresponding to the SRF at different scales. The monocomponent signals whose frequencies are continuous multipliers of the SRF are subsequently extracted from the envelope of the measured current or vibration signal. Finally, a weighted energy spectrum is constructed within the selected order range, from which possible bearing fault characteristic orders can be identified. Simulation and experiment results show that the proposed new MFS method can enhance the characteristic orders and suppress the noise, and therefore has better performance than the traditional angular resampling method for bearing fault diagnosis of direct-drive wind turbines under varying speed conditions. Index Terms-Bearing, current signal, fault diagnosis, multiscale filtering spectrum (MFS), vibration signal, vold-kalman filter (VKF), wind turbine.
I. INTRODUCTION
O NLINE health condition monitoring for the key components of wind turbines is a cost-effective technique to achieve preventive maintenance to improve the availability, reliability, and safety of wind turbines [1] . Bearing failure is a common factor causing the breakdown of electric machines [2] - [4] . Therefore, it is of great importance to diagnose bearing faults before damages to other coupled components aroused in the machines. However, due to the varying shaft rotating frequency The authors are with the Power and Energy Systems Laboratory, Department of Electrical and Computer Engineering, University of Nebraska−Lincoln, Lincoln, NE 68588-0511 USA (e-mail: junking@unl.edu; yayu.peng@ huskers.unl.edu; wqiao3@unl.edu; j.hudgins@ieee.org).
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Digital Object Identifier 10.1109/TIA. 2017.2650142 (SRF) caused by erratic wind, it is difficult to extract the fault features contained in the bearing monitoring data measured from a wind turbine via the conventional spectrum analysis methods that require a constant rotating speed [5] . Thus, the removal of the effect of speed variation on the measured signals is a viable solution to the bearing fault diagnosis of variable-speed wind turbines. Vibration signal-based monitoring and electrical signalbased monitoring are two popular techniques for bearing fault diagnosis of electric machines [6] - [15] . However, in most existing work based on the analysis of vibration or electrical signals [6] - [11] , the bearings are assumed to rotate at constant speeds. Under varying speed conditions, the possible bearing fault characteristic frequencies in both vibration and electrical signals are multipliers of the time-varying SRF. Thus, the spectrum smearing phenomenon will appear around the fault characteristic frequencies in the signal spectrum obtained by the traditional fast Fourier transform (FFT) method. To solve this problem, the angular resampling method is often employed to transform an equal-time-interval vibration or electrical signal into an equal-phase-increment angle-domain signal [12] - [15] . When applying the FFT method to the resampled signal, the resultant spectrum is called the order-domain spectrum, where the component of the selected SRF is the basic order. Since the SRF is a constant in the angle domain, the frequency components that vary in proportion to the SRF contained in the original signal can be revealed in the order-domain spectrum. However, the components that are independent of the SRF are also resampled according to the SRF and, therefore, still have the spectrum smearing problem in the order-domain spectrum, which may disturb the identification of the fault characteristic frequencies.
This paper explores a multiscale filtering technique to solve the spectrum smearing problem of SRF-related components and the disturbances of SRF-unrelated components in the measured bearing monitoring signals of direct-drive wind turbines under varying speed conditions [16] . A new method, called multiscale filtering spectrum (MFS), is proposed to transform the time-domain signal directly into the order domain via the VoldKalman filter (VKF). The VKF was first designed to extract the waveform of a single order component [17] , and was then improved to simultaneously extract the waveforms of multiple order components with good performance of decoupling close and crossing orders [18] - [20] . In this paper, the VKF is used to construct a multiscale filter bank to estimate the time-domain signals of the components associated with the selected SRF at 0093-9994 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information. different scales. In this method, the time-varying SRF is taken as a basic center frequency for the VKF. Via multiplying the SRF by a set of continuous coefficients, a group of center frequencies corresponding to the SRF at different scales is obtained. With these center frequencies, the time-varying components whose frequencies are multipliers of the SRF are extracted as monocomponent signals from the measured bearing monitoring signal using the VKF. The coefficients, or the multipliers, are equivalent to the orders in the angular resampling method. By calculating the energy of each monocomponent signal, the corresponding SRF-related time-varying component of the original signal is converted to be a single value in the order domain. And a new energy spectrum is thus formed, in which the spectrum smearing problem of the SRF-related components is resolved. It is expected that the monocomponent signals will have large energies if the components do exist in the original signal, and vice versa. Therefore, the order-domain energy distribution can reflect the existence of the SRF-related components (including the components of bearing fault characteristic frequencies). However, the weak monocomponent signals with large noises involved may also have large energies, which still causes disturbance in the energy spectrum. It should be noted that the components that are independent of the SRF will be broken into pieces in the process of the multiscale filtering. These pieces distribute among several adjacent monocomponent signals and are regarded as noises with high energies. Fortunately, as the SRF-related time-varying components have been obtained in the time domain separately, it is possible to manipulate the energies at different orders according to the properties of the corresponding time-domain signals of the SRF-related components. This is an advantage of the MFS method over the angular resampling method. It is noted that the envelope amplitudes of the monocomponent signals whose frequencies are contained in the original signal have relatively large values and small fluctuations. According to this property, different weighting factors can be assigned to the energies of different orders so that the SRF-related components are able to be identified. The weighting factor of each monocomponent signal is determined as the ratio of the signal's envelope mean value to the difference between the maximum and minimum values of the signal's envelope. The weighted energy spectrum is the so-called MFS, in which the order peaks of the SRFrelated components are enhanced while the peaks of the interfering components are suppressed. Therefore, the proposed method is expected to outperform the traditional angular resampling method for bearing fault diagnosis of direct-drive wind turbines under varying speed conditions. A simulation study is performed to verify the improved performance of the MFS method over the angular resampling method. The proposed MFS method is also successfully applied to current and vibration signals for bearing fault diagnosis of two commercial direct-drive wind turbines equipped with permanent-magnet synchronous generators (PMSGs).
The remainder of this paper is organized as follows. Section II describes the proposed method. Section III validates the proposed method by a simulation study. The applications of the proposed method to bearing fault diagnosis of direct-drive wind turbines are presented in Section IV. Finally, the conclusion of this paper is drawn in Section V.
II. MFS BASED ON VKF

A. Vold-Kalman Filter
The VKF is a powerful time-varying bandpass filter that is capable of extracting the time-domain signal of each time-varying component contained in a measured signal y(t). The monocomponent signals are estimated without phase bias because the formulation in the VKF is symmetric in time. The estimation is implemented globally. Therefore, there is no signal processing artifact, such as truncation error, due to the use of window functions. The VKF visualizes the monocomponent signal x s (t) corresponding to the s times the instantaneous SRF f r (t) as an amplitude modulated signal, which is the real part of the product of a complex envelope E s (t) and a complex phasor p s (t) as follows:
where |E s (t)| is the envelope of x s (t) and p s (t) is the carrier wave defined in terms of the SRF as
The basic idea of the VKF is to define local constraints, i.e., the structural equation and data equation, to make the unknown complex envelope smooth and relate the estimated signals to the measured signal, respectively. The structural equation can be expressed in the discrete-time format as
where ∇ denotes the difference operator, r is the difference order, ε s (n) is regarded as noise or error, N is the number of data samples of the measured signal y(n). The data equation depicts that the sum of the components of interest differs only by an error term from the measured signal y(n), as expressed by the following equation:
where
is the error term, which contains all the unwanted components, noise, and measurement errors. When setting r = 2, the structural equation in (3) becomes (5) is rewritten in the matrix form as
When all the order components of interest are considered simultaneously, (6) is extended as ⎡
The data (4) can be also rewritten in the matrix form as
Equations (10) and (13) are solved to find the optimal envelope matrix E to minimize the errors ε and ξ by using a least-squares technique. The details of the VKF can be found in [21] .
B. Multiscale Filtering Spectrum
The objective of the VKF used in the existing literatures is to track the waveforms of one or multiple components associated with discontinuous or even crossing orders as functions of time. It is usually assumed that the order components of interest exist in the original signal. However, in the field of bearing fault diagnosis under varying speed conditions, the goal is to identify the characteristic frequency components. To achieve this goal, the time series of the component waveforms are not of interest. Nevertheless, the energy distribution of the estimated monocomponent signals within a local order range can reflect the principal frequency contents in the corresponding local frequency range of the original signal. Therefore, this paper first extracts the monocomponent signals of some continuous orders with respect to the selected SRF at different scales, then constructs a weighted energy spectrum in the order domain to reveal the SRF-related components contained in the original signal.
It can be seen from (2) that the center frequency f rs (t) of the monocomponent signal x s (t) is
where the SRF f r (t) is a basic center frequency. With different multipliers s, the center frequencies corresponding to the SRF at different scales are derived. The center frequency with a large s has a large fluctuation and wide frequency range and, therefore, is regarded to have a large scale. When multiple center frequencies are determined by (14) for the VKF, a multiscale filter bank is formed, which can be used to obtain the time-domain signal of each order component separately. In this paper, the multipliers or orders are selected as a set of continuous values with a small step length q, i.e., 
where En(s) represents the energy distribution of the SRFrelated components as a function of order, and is called energy spectrum in the order domain, where the spectrum smearing problem of the SRF-related components is resolved. It is expected that the energy of the monocomponent signal will be relatively large if the corresponding frequency component exists in the original signal. Therefore, the energy spectrum can highlight the SRF-related components. However, the monocomponent signals whose frequencies are not contained in the original signal may also have large energies if they are contaminated by heavy noise, which may disturb the identification of the SRFrelated components. It is noted that the envelope amplitudes of the noise-contaminated monocomponent signals are characterized by relatively small mean values and large fluctuations. This provides a way to distinguish the SRF-related components from the noise, which is realized by assigning a weighting factor w(s) calculated below to the energy of each order
where the subscripts mean, max, and min denote the mean, maximum, and minimum values of the amplitude of the complex envelope E s (n) with n = m + 1, m + 2, . . . , N − m, respectively. The removal of the first and last m points of E s (n) is to eliminate the boundary effect of the VKF. A weighted energy spectrum is hence constructed as
where En w (s) is also called the MFS because it is obtained by multiscale filtering and spectrum calculation.
If an SRF-related component exists in the original signal, its envelope amplitude is large and will not be changed significantly by the noise, resulting in a large weighting factor and energy. Therefore, the peak of the component is enhanced in the MFS. In contrast, if an SRF-related component does not exist in the original signal, its envelope amplitude is small and, thus, is easy to fluctuate significantly when noise is involved, leading to a small weighting factor while a large energy if the noise level is high. However, the weighted energy of the component is reduced when combining the weighting factor and energy. In this way, the noise contained in the original signal is suppressed in the MFS. Therefore, the proposed MFS method can highlight the existing SRF-related components and suppress the SRF-unrelated noise to facilitate bearing fault diagnosis.
C. Implementation of the Proposed MFS Method
The main idea of the MFS is to separate the measured signal into SRF-related monocomponent signals in a local order range via multiscale filtering and then calculate the weighted energies of the monocomponent signals. The flowchart of producing the MFS is shown in Fig. 1 . Given a time series y(n) measured with a time-varying SRF f r (n), the MFS is performed in the following three steps.
First, the SRF f r (n) is used to construct the multiscale filter bank based on the VKF after choosing an order series
The order series should cover the orders of inspected characteristic frequencies. The center frequencies f rs (n) of the multiscale filter bank are determined by (14) . And the complex phasor p s (n) of each monocomponent signal is obtained by (2) . Second, the complex envelopes E s (n) are estimated by the multiscale filtering technique. The monocomponent signals x s (n) are obtained from the real part of the product of E s (n) and p s (n).
Third, the energy spectrum En(s) as a function of order is calculated via (15) and the weighting factor w(s) for each order is calculated via (16) . The MFS is finally obtained by combining En(s) and w(s) through (17) .
The proposed MFS method transforms the time-domain signal directly into the order domain via the multiscale filtering technique followed by weighted energy calculation, by which the SRF-related contents are revealed and enhanced. Therefore, the proposed method is suitable for the identification of characteristic frequencies of bearing faults in wind turbines operating in varying speed conditions.
III. SIMULATION STUDY
In this section, an artificial signal is contrived to verify the improved performance of the MFS method over the angular resampling method. The signal is composed of a time-varying SRF component f r (t), the components of 0.55f r (t), 3f r (t), 4.5f r (t), 7f r (t), a component f n (t) that is uncorrelated with the SRF and crosses the frequency of 7f r (t), and some random noise. The SRF is expressed by f r (t) = cos(2πf 0 t + π/3) + 10
where f 0 = 0.1 Hz is the variation rate of the SRF. The interfering component f n (t) is expressed by
The basic order corresponding to the SRF is denoted by O r and O r = 1. The orders of other SRF-related components in the artificial signal are 0.55O r , 3O r , 4.5O r , and 7O r . The frequency f n (t) in the order domain is denoted by O n , which distributes in a narrow order band and may interfere the identification of the order 7O r . The signal-to-noise ratio of the signal is 10 dB. The sampling frequency is f s = 1000 Hz and the sampling time is 5 s. The signal waveform and power spectrum are shown in Fig. 2 . As seen in the power spectrum, the spectrum smearing phenomenon occurs due to the frequency variations, which makes it impossible to identify the frequency contents of the artificial signal.
The proposed MFS method is applied to analyze the artificial signal shown in Fig. 2 . Since the minimum and maximum characteristic orders are 0.55 and 7, respectively, the order range is chosen as [0.1,10]. The energy spectrum of the signal within the selected order range is displayed in Fig. 3(a) , where the peaks at the characteristic orders of 0.55O r , O r , 3O r , and 4.5O r are obvious, while the peak at 7O r mixes with the interfering orders O n between 6 and 8.5 (marked by an ellipse). The frequency f n (t) still has the spectrum smearing problem in the order domain because it cannot be revealed by the SRF-based multiscale filtering. The weighting factors are presented in Fig. 3(b) , from which the peaks at the characteristic orders can also be observed. Particularly, in the order band of O n (marked by an ellipse), the peak at 7O r is prominent, implying that a large weighting factor is assigned to the characteristic order while small weighting factors are assigned to others. Fig. 4(a) shows the final MFS after combining Fig. 3(a) and (b). It can be seen that the noise around 7O r in Fig. 3(a) is greatly suppressed in Fig. 4(a) , as shown in the ellipse-circled area, while the peak at the order 7O r is retained or even enhanced; and the peaks at all of the five characteristic orders are dominated in the MFS. Therefore, the proposed MFS method has the advantages of enhancing the characteristic orders while suppressing noises. As a comparison, the artificial signal is also analyzed by the traditional angular resampling method. Fig. 4(b) displays the order-domain spectrum of the resampled signal, in which the noise is larger than that in the MFS of Fig. 4(a) . Furthermore, the order at 7O r is buried in the noise around it, as illustrated in the circled area, thus cannot be identified in the order-domain spectrum obtained by the angular resampling method. This simulation study verifies that the proposed MFS method is superior to the existing angular resampling method.
IV. APPLICATION OF THE PROPOSED MFS METHOD TO BEARING FAULT DIAGNOSIS OF DIRECT-DRIVE WIND TURBINES
A. Proposed MFS-Based Bearing Fault Diagnosis
When a defect occurs in a component within the raceway of a bearing, a fault characteristic frequency associated with the defect location will be induced while the bearing is running. The bearing fault characteristic frequencies are functions of the bearing geometry and the SRF as formulated as follows [22] :
where n b is the number of rolling elements; d is the diameter of the rolling element; D is the pitch diameter; α is the contact angle; f BPFI (t), f BPFO (t), and f BSF (t) are the characteristic frequencies of bearing inner race fault, outer race fault, and rolling element fault, respectively; f FTFI (t) and f FTFO (t) are the characteristic frequencies of bearing cage faults relative to outer and inner rings, respectively. For a particular bearing installed on the main shaft of a wind turbine, the bearing geometry is fixed. Therefore, the characteristic frequencies in (20)- (24) are all SRF related. The characteristic orders are the coefficients calculated using the bearing geometric parameters in the corresponding characteristic frequency expressions. Since the characteristic frequency plays as a modulator in both the current and vibration signals when a fault occurs, the envelope signal should be first extracted from the original signal and then used by the proposed MFS method for fault diagnosis. In this paper, the Hilbert transform [23] is adopted for the envelope signal extraction. If one of the characteristic orders expressed by (20) - (24) is identified in the MSF of the current/vibration envelope signal, it indicates the occurrence of the corresponding bearing fault.
As indicated in Fig. 1 , the accurate information of the instantaneous SRF f r (t) of the analyzed signal should be known in advance for the implementation of the MFS method. Generally, f r (t) can be obtained via a tachometer or extracted from the vibration signal itself. However, the use of tachometer is an invasive approach, which may not be available in some conditions [5] . Moreover, it is always sophisticated to extract the SRF from the vibration signal composing of complex multiple components and large noise. In this paper, f r (t) is extracted from the generator current signal, in which the fundamental frequency f c (t) is proportional to the SRF and is dominant in the signal spectrum [5] . The variation of f c (t) can be easily estimated from the time-frequency distribution of the signal using the ridge searching algorithm. Then the SRF is calculated by
where p is the number of pole pairs of the PMSG. The details of the instantaneous SRF estimation from the PMSG stator current signal can be found in [5] . Fig. 5 shows the bearing fault diagnostic scheme for directdrive wind turbines based on the proposed MFS method. First, the SRF is estimated from the current signal. Second, the envelope signal of the measured current/vibration signal is extracted using Hilbert transform [23] . Third, the proposed MFS method is applied to the current/vibration envelope signal based on the estimated SRF. Finally, bearing fault diagnosis is performed according to the identification of characteristic orders in the MFS of the current/vibration envelope signal. The proposed bearing fault diagnostic scheme will be verified by current and vibration signals collected from laboratory and field tests.
B. Laboratory Test Results
A laboratory test was carried out to validate the proposed MFS-based bearing fault diagnostic scheme shown in Fig. 5 . Fig. 6 illustrates the laboratory test setup, where a 160 W air breeze wind turbine equipped with a PMSG is located in a wind tunnel with controllable wind flows to simulate the real-world working conditions. The wind speed can be varied from 0 to 10 m/s. The number of pole pairs of the PMSG is six. One of the bearings supporting the main shaft is taken for testing. An accelerometer is mounted on the casing of the wind turbine to measure the vibration. One phase stator current signal of the PMSG is measured by a Fluke 80i-110s ac/dc current clamp. The sampling frequency of these two signals is 10 kHz. The signals are collected synchronously by a National Instruments (NI) data acquisition system.
In the experiment, an artificial fault is created in the outer raceway of the test bearing, as displayed in Fig. 7 . The type of the test bearing is 7C55MP4017, which is a kind of ball bearing without shield. The geometric parameters are as follows: The vibration signal with the artificial outer race fault is first analyzed for the bearing fault diagnosis. The waveform and power spectrum of the measured vibration signal is shown in Fig. 8(a) and (b) , respectively. It can be seen that the vibration signal contains heavy noise and has the spectrum smearing problem. The SRF is estimated from the synchronously recorded stator current signal and is plotted in Fig. 8(c) , showing a timevarying property. Then, the envelope of the vibration signal is extracted via the Hilbert transform and is further analyzed by the MFS method and the angular resampling method. The results are given in Fig. 9 . In all the spectra, the basic order O r and the outer race characteristic order O BPFO can be identified, indicating that the bearing has an outer race fault. Nevertheless, the peak values of O BPFO in both Fig. 9(a) and (c) are very small. In the MFS in Fig. 9(b) , the order O BPFO is greatly enhanced, showing a significantly increased magnitude. Therefore, the performance of the proposed MFS method is better than the traditional angular resampling method based on the analysis of vibration signals for bearing fault diagnosis of direct-drive wind turbines under varying speed conditions.
The current signal collected when the test bearing has the artificial outer race fault is then demodulated and further analyzed by the MFS method and the angular resampling method, and the results are shown in Fig. 10 . The characteristic order O BPFO can be identified in Fig. 10(a) obtained by the MFS method, but cannot be distinguished from the surrounding noise in Fig. 10(b) (marked by an ellipse) obtained by the angular resampling method. The results show that the MFS method is more powerful than the angular resampling method for bearing fault diagnosis when the characteristic order is weak in the current signal. The vibration and current signals collected when the test bearing is in the healthy condition are also analyzed by using the two methods. Fig. 11 presents the results of the vibration envelope signal. The basic order O r and its harmonics are observed in both order-domain spectra. However, there are three peaks (marked by an ellipse) around the order 3O r in Fig. 11(b) , which may lead to a false diagnosis that the bearing has a fault in the outer raceway because its characteristic order is O BPFO = 3.069O r . In contrast, in the result obtained by the MFS method in Fig. 11(a) , the peak of the order 3O r is enhanced while the two other nearby peaks are suppressed, indicating that only the order 3O r exists in the narrow range around 3O r of the vibration envelope signal. Since no characteristic order is identified in Fig. 11(a) , it can be concluded that the bearing is healthy. Fig. 12 shows the results of the current envelope signal under the healthy bearing condition obtained by the MFS and angular resampling methods. No bearing characteristic order can be identified in either order-domain spectrum. However, the noise level relative to the basic order O r obtained by the MFS method in Fig. 12(a) is much lower than that obtained by the angular resampling method in Fig. 12(b) . 
C. Field Test Results
The proposed method is also validated by a field test illustrated in Fig. 13 , where a wireless sensor network-based data acquisition system is installed on a 2.4 kW Skystream 3.7 wind turbine. One phase current signal is measured by a current sensor at the stator terminal of the PMSG of the wind turbine and is sampled by a wireless sensor node (model: V-Link -LXRS) at 1000 Hz. The sensor node is installed in a box attached to the bottom of the wind turbine. The current data is then sent wirelessly to a gateway (model: WSDA -1500 -LXRS) located within two kilometers. The gateway sends the data through Ethernet to the SensorCloud, which is a network server for data storage. A laboratory computer is connected to the internet to download the data of the current signal from the SensorCloud, which is analyzed by the proposed method implemented on the computer. The number of pole pairs of the PMSG is 21. Fig. 14 shows the current signal acquired on Feburary 4, 2016 by which the wind turbine has run for more than five years. As can be seen in Fig. 14(a) , the current fundamental frequency f c and its harmonics are contaminated by some noise. Due to the variation of the SRF, the frequency f c distributes in a narrow frequency band, as displayed in Fig. 14(b) . It is noted that some frequency components (marked by ellipses) are constant in the power spectrum, implying that they are independent of the SRF. According to the curve of the SRF estimated from the current shown in Fig. 14(c) , the MFS method is applied to the envelope of the current signal. The energy spectrum is first shown in Fig. 15(a) , where the order O FTFI appears clearly, indicating that one of the shaft bearings installed in the wind turbine has a cage fault. However, some components around order 15 (marked by an ellipse) still have the spectrum smearing problem. These components are those with the frequencies unrelated to the SRF contained in the original current signal. Since they may smear the harmonics of other possible characteristic orders, it is not clear whether or not the bearing has other fault types. The MFS is displayed in Fig. 15(b) , in which the interfering peaks disappear with the help of the assigned weighting factors. There is no other component except for the component related to the bearing cage fault relative to the inner ring in Fig. 15(b) , indicating that only a cage fault occurs in the bearing. Fig. 15(c) shows the order-domain spectrum of the resampled current envelope signal obtained by the angular resampling method. This spectrum still contains some interfering peaks around order 15 (marked by an ellipse) and, thus, is inferior to the MFS in Fig. 15(b) for the bearing fault diagnosis.
V. CONCLUSION
This paper has proposed a novel method, called MFS, for bearing fault diagnosis of direct-drive PMSG wind turbines under varying speed conditions. The MFS method transforms the time-domain signal directly into the energy distribution in the order domain via multiscale filtering to solve the spectrum smearing problem of the SRF-related components caused by the speed variation. Weighting factors have been designed for the energies of the monocomponent signals whose frequencies are continuous multipliers of the SRF according to different properties of the envelope amplitudes between the SRF-related components and the SRF-unrelated noise. This enhanced the peaks at the characteristic orders while suppressed the noise in the MFS. As a consequence, the disturbances of the SRFunrelated components were removed. The effectiveness and improved performance of the proposed method have been verified by a simulation study with a comparison to the traditional angular resampling method. The proposed method has been successfully applied to current and vibration signals for bearing fault diagnosis of two commercial direct-drive wind turbines.
